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ABSTRACT: A texture-based pattern recognition system is proposed for the automatic characteri-
zation of cervical intervertebral disc degeneration from saggital magnetic resonance images of the
spine. A case sample of 50 manually segmented ROIs, corresponding to 25 normal and 25 de-
generated discs, was analyzed and textural features were generated from each disc-ROI. Student’s
t-test verified the existence of statistically significant differences between textural feature values
generated from normal and degenerated discs. This finding is indicative of disc image texture
differentiation due to the degeneration of the disc. The generated features were employed in the
design of a pattern recognition system based on the Least Squares Minimum Distance classifier.
The system achieved a classification accuracy of 94% and it may be of value to physicians for the
assessment of cervical intervertebral disc degeneration in MRI.
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1 Introduction
The intervertebral discs are pads of fibrocartilage that lie between adjacent vertebral bodies and
function as shock absorbers, while permitting limited movements of the spine [1]. Intervertebral
disc degeneration is associated with structural failure of the disc and it often results in narrowing
of the intervertebral disc space and/or disc herniation. These sequelae of disc degeneration in the
cervical spine are considered to be major causes for neck pain and disability in the adult working
population [2].
In clinical practice, different imaging modalities such as X-ray imaging, CT-discography and
Magnetic Resonance Imaging (MRI) are employed for the assessment of intervertebral disc degen-
eration. MRI is considered the modality of reference, since it is non-invasive, it provides excellent
soft tissue contrast and it does not involve ionizing radiation [2]. One of the ways to investigate
intervertebral disc degeneration in clinical routine is the assessment of intervertebral disc space
narrowing. For the needs of the present study a simplified version of the classification scheme
proposed by Matsumoto et al. [3] was employed. This scheme is specifically designed for the
assessment of cervical intervertebral disc degeneration from magnetic resonance images. Accord-
ing to this scale a disc is characterized as normal if there is no disc narrowing or the disc space
narrowing is less than 25% compared to the most adjacent normal disc space. Moreover a disc is
characterized as narrowed-degenerated if the disc space narrowing is more than 25% (figure 1).
Computerized approaches, based on disc morphology, have been proposed in the past for
the characterization of intervertebral disc degeneration [4, 5]. However, in the present study, the
texture of the disc depicted on magnetic resonance (MR) images was utilized for the assessment
of degenerative alterations of the specific anatomic region. To the best of our knowledge, a similar
approach has not been previously reported. The notion of image texture is associated with the
spatial distribution of pixel intensities variations. The use of textural information was motivated by
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Figure 1. T2-weighted midsaggital image of the cervical spine demonstrating the process of measuring the
intervertebral disc heights. The C5-6 intervertebral disc was classified as degenerated while the other 4 discs
where classified as normal.
previous research, performed by our group, concerning the characterization of joint degenerative
alterations on the basis of image texture [6, 7].
In the present study, a texture-based pattern recognition system is proposed for the assessment
of cervical intervertebral disc degeneration. In this context, (i) textural features were generated
from MR images of normal and degenerated cervical intervertebral discs and (ii) the generated fea-
tures were employed in the design of a classification scheme, used for the discrimination between
normal and degenerated discs.
2 Materials and methods
2.1 MRI data
T2-weighted midsaggital MR images of the cervical spine were acquired using a 1.5 T GE Signa
(General Electric Medical System, Milwaukee, WI) MR scanner and a neurovascular coil. A 3 mm
slice thickness was selected.
An experienced physician reviewed the images and by manually measuring the intervertebral
disc spaces, classified the discs as normal or degenerated, according to the scheme proposed by
Matsumoto et al. [3] (figure 1).
A case sample of 50 cervical intervertebral discs (25 normal and 25 degenerated), which repre-
sent the Regions of Interest (ROIs) within the images, was analyzed. These disc-ROIs were deter-
mined by manual delineation, utilizing dedicated digital image processing software [8] (figure 2).
2.2 Generation of textural features
Textural features were extracted from each segmented disc ROI, utilizing custom developed al-
gorithms. These features were calculated from (i) the intensity histogram (first order statistics),
(ii) the grey level co-occurrence matrix (co-occurrence features) and (iii) the grey level run-length
matrix (run-length features) of the ROI-images.
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Figure 2. Example of the delineation of intervertebral discs (a), and the relevant segmented ROIs showing
two normal (b) and (c), and one degenerated disc (d).
The first order statistical features describe the frequency distribution of grey level values of the
image [9]. The co-occurrence features evaluate textural properties associated to the image grey-
level spatial distribution [10]. The run-length features, evaluate the distribution of small (short
runs) or large (long runs) structures within the ROI [11]. All generated features were normalized
to zero mean and unit standard deviation [12].
2.3 Statistical analysis
Student’s paired t-test [13] was employed in order to investigate the existence of statistically sig-
nificant differences between normal and degenerated discs for the generated textural feature val-
ues. The significance level was set at p < 0.05, while the normality of distributions was verified
employing the Lilliefors test [14]. All statistical processing was performed utilizing the “Matlab
Statistics Toolbox”.
2.4 Design of the classification system
A texture-based pattern recognition system was proposed for the automatic characterization of
cervical intervertebral discs as normal or degenerated. More specifically, a classification system,
based on the Least Squares Minimum Distance Classifier (LSMD) [15], was designed employing
textural features generated from the segmented disc-ROIs [16].
The Leave-One-Out method was used in order to evaluate the performance of the classification
system [12]. More particularly, the LSMD classifier was designed by all but one samples of the
data set, which was then classified to one of the two classes (normal or degenerated). This process
was repeated as many times as the number of samples in the data set (50 times), by leaving out a
different sample each time. In this way, the classifier was evaluated by data that were not involved
in its design.
In addition, the Exhaustive Search method was used to determine the optimum feature combi-
nation (i.e. the feature combination which provided the highest classification accuracy employing
the minimum number of features) [12]. For this purpose, the classification algorithm was designed
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Table 1. Truth table demonstrating the classification results of the proposed pattern recognition system.
Disc characterization Normal Degenerated Accuracy
Normal 23 2 92%
Degenerated 1 24 96%
Overall Accuracy 94%
by means of every possible feature combination (2–5 features per combination), each time testing
its performance. In this way, the optimum feature combination was determined and was used as
the basis of the pattern recognition system. Classification performance was expressed in terms of
overall accuracy, sensitivity and specificity.
3 Results and discussion
In the present study, textural features were utilized expecting to capture texture differentiation due
to the intervertebral disc degeneration in MR images of the cervical spine. Statistical analysis
verified our assumption by revealing the existence of statistically significant differences (p<0.05)
between normal and degenerated discs for the generated feature values. This differentiation in disc
image texture may be justified considering that in MR images pixel intensities are associated with
the biochemical composition of the depicted anatomical structures [17]. Subsequently, when a disc
degenerates the alterations which occur on its biochemical composition are expected to affect the
texture of MR images.
Features generated from run-length matrices demonstrated the highest discriminating capacity
(p<0.001). The Long Run Emphasis (LRE) and Run Percentage (RP) textural features comprised
the optimum feature combination. In general, the run-length features signify the existence of lin-
early organized structures within the image. LRE emphasizes the presence of long structures while
RP is a meter of image homogeneity [11].
The LSMD classifier, designed with the optimum feature combination, classified properly 47
out of the 50 disc-ROIs (table 1). Thus, the proposed system accomplished an overall classification
accuracy of 94%. In addition, one degenerated and two normal disc-ROIs were misclassified.
Consequently, the system achieved a sensitivity of 96% and a specificity of 92%.
4 Conclusions
In conclusion, the present study demonstrated that intervertebral disc degeneration results in disc-
image texture differentiation in MRI of the cervical spine. In addition, the proposed pattern recog-
nition system achieved high accuracy, sensitivity and specificity in characterizing the cervical in-
tervertebral discs as normal or degenerated. This system may be of value to physicians (neu-
rosurgeons, orthopaedic surgeons, radiologists) as a decision support tool for the assessment of
intervertebral disc degeneration from MR images of the cervical spine.
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